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Abstract
Based on UTAUT2 and the importance of trust to
explain user behavior in relation to recommender
systems, we focus on job recommender systems by
developing and validating a job recommender system
acceptance model. The results of our empirical,
survey-based study with 440 job seekers indicate that
beside performance expectancy and habit, trust is
among the three most important determinants and it is
especially relevant for women, passive job seekers and
those without experience in using job recommender
systems. The paper extends general trust and
recommender system research by revealing three
moderators for the trust and intention relationship. It
contextualizes the UTAUT2 by incorporating trust as
an antecedent of a consumer’s intention to use and by
revealing three moderating effects for this relationship.
Hence, it is the basis for further studies investigating
the acceptance of job recommender system, which has
rather been neglected by prior research.

1. Introduction
”Recruiting is hard. It’s just finding the needle in
the haystack” said Steve Jobs while summarizing one
of the major challenges of organizations in the 21st
century. However, not only organizations have to find
the needle in the haystack, also job seekers themselves
are looking for their calling which fits best their
personal values, attitudes, skills, and capabilities [1].
Job seekers screen plenty of job opportunities and
select their perceived most appropriate ones to apply
for the job. Given the amount of job opportunities
published by organizations, job seekers need to put a
lot of effort in identifying the most appropriate ones.
Therefore, supporting job seekers has been the focus of
several online recruiting services.
In the technology-supported job seeking process,
job recommender systems have been deployed to
support job seekers in their search for their calling.
Recommender systems have been used successfully in
e-commerce to support users to find different types of
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products that fit with their preferences [2]. Their
relevance and applicability in the job seeking process
has increased with more and more people publishing
personal and professional information on social
networking platforms. Using this public information
and matching it with job opportunities published by
organizations, job recommender systems are able to
provide appropriate job opportunities to job seekers.
Hence, job recommender systems automatically
identify the needle in the haystack of job opportunities
[3].
Nonetheless, job seekers do not fully accept this
automation of the job seeking process [4–6] as only
about 50% are willing to use job recommender system
actively in the job seeking process and about 15% do
not even know what job recommender systems are [7].
Therefore, it is relevant to understand which factors
determine job seekers’ intention to use job
recommender systems. These concerns are in line with
the general conclusion by Lee and See [8] who point
out that “designing trustable technology may be a
critical factor in the success of the next generation of
automation and computer technology“ (p. 76). Given
the relevance of job recommender systems in the
recruiting context to identify the needle in the haystack
of published job opportunities, the challenge of job
seekers’ acceptance of automation in the recruiting
context and the highlighted importance of trust for
automated technologies [9], in this paper we intend to
answer the following research question:
What is the influence of trust compared to other
influencing factors on the intention to use job
recommender systems?
An answer to this question should enable online
recruiting
services
to
develop
their
job
recommendation systems such that they focus on the
important factors for job seekers to use these systems
and trust the recommendations provided. From a
theoretical perspective, we need to develop a research
model that enables us to analyze the factors
determining the intention to use and to reveal influence
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of trust compared to other factors. Therefore, we will
develop a job recommender system acceptance model
in this paper to explain job seekers’ intention to use job
recommender systems, which extends the UTAUT2model by the influence of trust on the intention to use
[10]. We will also report the results of an empirical
study with 440 job seekers to validate the proposed
model and discuss its implications.

2. Related work
In this section, we will summarize related work on
job recommender systems and technology acceptance
research to highlight the specific research gap that our
approach is intended to fill.

2.1. Job recommender systems
Resnick and Varian (1997) [11] first defined the
term ‘recommender system’ by highlighting that the
“system value lies in its ability to make good matches
between the recommenders and those seeking
recommendations” (p. 56). Hence, a recommender
system determines the interest of a user in a specific
item (e.g. book, song, or movie) by using a variety of
information that is related either to the user or to the
item. In general, recommender systems address the
efforts required to search for specific items that match
with user preferences. In the recruiting context, two
different types of recommender systems are discussed.
First, job recommender systems that match a user
profile and the various available job opportunities and
then prioritize job opportunities for the job seeker.
Second, CV recommender systems that match one job
opportunity with user profiles to identify the most
appropriate candidates for a specific vacancy [12, 13].
Hence, the recommendation in the recruiting context is
bilateral as recommendations can be made for both the
job seeker and the organization. For both types of
recommender systems several content-, collaborative-,
knowledge-based, and hybrid recommendation
algorithms have been investigated [14]. The majority
of the literature investigates matching algorithms that
address the bilaterally of the recommendation [12, 13,
15], the challenge of the various user characteristics
that can be used to match job seekers with jobs [15–
17], and the consideration of social networks for the
matching process [13, 15, 18]. Hence, none of these
approaches deals with the acceptance of job
recommender systems by job seekers. Nevertheless,
job seekers’ acceptance is a challenge, as they do not
fully accept automation of their job seeking process
[4]. Therefore, we intend to fill this gap in the job
recommender system literature by analyzing the factors
that influence job seekers’ intention to use job
recommender systems.

2.2. Technology acceptance
To understand the acceptance of job recommender
systems, we base on the stream of technology
acceptance research that assumes that a user’s intention
predicts the use of a technology [19]. The intention is
influenced by several factors, which are focused by
various models explaining the use of different kinds of
technologies [19, 20]. These models include the unified
theory of acceptance and use of technology (UTAUT)
[10, 19]. The latest extension of the UTAUT theorizes
the acceptance and use of technologies by consumers
(UTAUT2). It bases on the original UTAUT such that
it explains consumers’ voluntary use of a technology
by a consumer’s intention to use this technology. As
factors influencing the intention to use IT, UTAUT2
theorizes
performance
expectations,
effort
expectations, social influences, facilitating conditions,
hedonic motivations, price values, and habits [10]. It
also highlights the moderating influence of age,
gender, and experiences on these relationships [10] as
illustrated by Figure 1. As we are interested in
analyzing the acceptance of a consumer technology,
we rely on UTAUT2 in developing the job
recommender system acceptance model to explain the
intention to use job recommender systems

2.3. Acceptance of recommender systems and
the role of trust
Given the popularity of recommender systems in
the e-commerce context [21] various approaches have
theorized and analyzed the acceptance of recommender
systems in general [22]. The major implication from
these research endeavors is that trust is a key variable
to explain the acceptance of recommender systems and
related behavior [2, 23, 24]. Hence, these approaches
conclude that if an individual trusts a recommender
system provider like an e-commerce website related
behavior such as online shopping or use can be
observed [25, 26].
Trust in a recommendation context is defined as an
individual’s beliefs in a recommender system’s
competence, benevolence, and integrity [2].
Competence refers to individual beliefs that the
recommendation system performs effectively in
specific domains [27]. Hence, it reflects a job seeker’s
belief that the job recommender system has the ability,
skills, and expertise to identify appropriate job
opportunities. Benevolence focuses on individual
beliefs that the provider of a recommender system or
the system itself cares about the individual and one’s
interest [27]. It models a job seeker’s belief that the job
recommender system or the provider of the system
cares about an individual’s job seeking interests.
Integrity is an individual’s belief that the recommender
system and its provider have a set of principles that
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match with the ones of the individual [27]. It focuses
on a job seeker’s belief that the job recommender
system or its provider has a similar set of belief as the
job seeker. This definition of trust applies to different
temporal contexts [2]. Thus, it reflects that trust
develops gradually as individuals continue to interact
with a technology [28]. Trust is especially important in
the adoption and early use phase when user have less
experience with using the technology [29]. Although,
prior research has provided several theoretical insights
on trust in online environments, prior research also
highlights some gaps in the literature. For example,
research investigating the role of gender, user
experience, or context is required to explain the
influence of trust on outcome variables such as the
intention to use [28].
In the following, we will adapt this definition of
trust to analyze job seekers intention to use a job
recommender system. By doing so, we will focus on
the gaps identified in the literature about trust in online
environments [28].

3. Research model
Our job recommender system acceptance model
bases on UTAUT2 [10] as it is among the various
technology acceptance model the model that focuses
explicitly on a consumer context. As discussed, we will
extend UTAUT2 by using trust to explain the use of
job recommender systems by job seekers as trust is an
important variable when investigating the acceptance
and use of recommender systems [28].

3.1. Job seekers’ acceptance of
recommender systems based on UTAUT2

job

The use of technology by consumers is predicted by
consumers’ efforts and performance expectations of
the technology [10]. Effort expectancy refers to “the
degree to which using a technology will provide
benefits to consumers in performing certain activities”
([10], p. 159) and performance expectancy to “the
degree of ease associated with consumers’ use of
technology” ([10], p. 159). In the job seeking context it
has been shown that performance and effort
expectancy predict job seekers’ intentions to use online
social networks [30]. In line with these results general
recommender system acceptance research shows that
performance and effort expectancy have an influence
on the intention to use recommender systems [31–33].
Job recommender systems are primarily used to
facilitate the process of job searches and as this process
is associated with high opportunity risks, it is assumed
that job seekers only intend to use technologies, which
they expect to be useful and easy to use. Hence, we
assume based on UTAUT2:

H1: Performance expectancy is positively
associated with the intention to use job recommender
systems.
H2: Effort expectancy is positively associated with
the intention to use job recommender systems.
Moreover, the intention to use a technology could
also be influenced by information provided by other
individuals [10]. For example, an individual might
have used a job recommender system and found a new
job using a recommender system. This individual
might tell the story to one’s friends and recommend
using the job recommender as well. Hence, the
intention to use the job recommender is next to effort
and performance expectations also influenced by the
social environment. This fact is modeled by the
variable social influence [10], which is “the extent to
which consumers perceive that important others
believe they should use a particular technology” ([10],
p. 159), such that we assume based on UTAUT2:
H3: Social influence is positively associated with
the intention to use job recommender systems.
In addition, users need to be provided with the
required resources, skills and capabilities [10]. This
fact is modeled by the construct facilitating conditions
within the UTAUT2 model as it refers to “consumers’
perceptions of the resources and support available to
perform a behavior” ([10], p. 159). Hence, job seekers
with the required resources to access a job
recommender system and the skills and capabilities to
use it have higher intentions to use the job
recommender system, so that we assume based on
UTAUT2:
H4: Facilitating conditions (e.g. resources, skills,
capabilities) are positively associated with the
intention to use job recommender systems.
Beside the well-studied cognitive factors, also
hedonic motivations are important when investigating
consumer technology acceptance. Hedonic motivations
refer to “the fun or pleasure derived from using a
technology” ([10], p. 161). When the use of the
technology provides pleasure or fun to the user, a user
is more intended to use a technology [10, 34]. When
job seekers expect the use of job recommender systems
to be enjoyable they intend to use it. Hence, we assume
based on UTAUT2:
H5: Hedonic motivations are positively associated
with the intention to use job recommender systems.
Although job search is usually not a habitual task
[35] research in the context of recommender systems
and business social networks such as LinkedIn reflects
that habit has an influence on the intention to use these
system [36]. Habit refers to the “extent to which people
tend to perform behaviors automatically because of
learning” ([10], p. 159). Job recommender systems are
features of these systems. Hence, individuals can
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develop a use habit for online recruiting services in
general, which might also influence the use of the
specific job recommender feature of these services.
Therefore, we theorize that individuals who have a
habit to use online recruiting services have a higher
intention to use job recommender systems. Hence,
following UTAUT2 we assume that:
H6: Habit is positively associated with the
intention to use job recommender systems.
Job recommender systems are typically free of
charge such that a price-performance ratio, as
described by the price value construct of the UTAUT2
[10] cannot be measured in this work. It is defined as
“consumers’ cognitive tradeoff between the perceived
benefits of the applications and the monetary cost for
using them” ([10], p. 159). When the technology
investigated is free available this construct was also
excluded from the analysis in previous studies [37].
Nonetheless, if the job recommender is not free of
charge this construct needs to be considered in a job
recommender acceptance study. Hence, we assume:
H7: Price value is positively associated with the
intention to use job recommender systems.

3.2. Trust and job seekers’ acceptance
As explained in our motivation we will extend
UTAUT2 in this study by the factor ‘trust’ as a
predictor of the intention to use job recommender
systems. In studies investigating the use of
recommender systems in general the influence of trust
has been demonstrated [38]. Moreover, in the job
seeking context it is shown that trust towards using
business social networks such as LinkedIn is positively
associated with the use of these platforms for job
searches [30]. Job seekers consider the competence,
benevolence, and integrity of the job recommender
system in order to evaluate whether they can trust the
system and its recommendations [2, 27]. When these
aspects are evaluated positively job seekers trust the
technology and have a higher intention to use it [2].
This is especially important as the better the
recommender system can make recommendations the
more users have to publish information that can be
used for recommendations. Hence, job seekers need to
trust the job recommender system to provide access to
personal data (e.g. user profiles in social media) that
can be used by the system to make recommendations.
In this context it has been shown that users are afraid
that their personal data can be misused by a
recommendation system [4]. Hence, job seekers will
only use those job recommender systems in which they
have a high level of trust in terms of evaluating
positively the competence, benevolence, and integrity
[2] of the job recommender system. Therefore, we
assume that

H8: Trust is positively associated with the intention
to use job recommender systems.
Trust develops as individuals interact with
information technology [28]. In early use phases when
users have no experience, trust is more important than
in later phases when users learn about the use of the
technology [29]. Hence, when job seekers have no
experiences in using job recommender systems trust is
more important such that we assume that:
H9: Experience moderates the influence of trust on
the intention to use job recommender systems such that
the influence is stronger for job seekers without
experiences in using recommender systems.
Prior research assumes that trust has different
effects across genders [28]. For example, Awad and
Ragowsky (2008) show that men and women are
affected by trust differently as the influence of trust on
the intention to shop online is stronger [39]. The
rational for this is that the way online social presence is
created is different for men and women [40]. Hence,
we assume for the acceptance of job recommender
systems that:
H10: Gender moderates the influence of trust on
the intention to use job recommender systems such that
the influence is stronger for women.
Moreover, prior research also expects that the
context the technology is used has an influence on the
importance of trust [28]. For example, Charki and
Josserand (2008) [41] show that the institutional
environment of online reverse actions shapes the
dynamic of trust. The rationale is that the broader
institutional, societal, and market context constitutes
the role of trust for behavioral outcomes [28]. In the
job search context, two different types of job seekers
are considered: Those, who actively search for a new
job opportunity (active job seekers) and those, who do
not actively search for, but would be willing to change
their job (passive job seekers). The first context
involves an active engagement and search for job,
whereas the second context involves less active
engagement. Hence, in the second context passive job
seekers need to be provided with job opportunities to
stimulate their interest and willingness to consider a
new job opportunity. Those job seekers need more trust
in the system providing these opportunities
automatically to them as those job seekers who
actively search for jobs. Hence, we assume for the
acceptance of job recommender systems that:
H11: Context moderates the influence of trust on
the intention to use job recommender systems such that
the influence is stronger for in passive job seeking
context.
These hypotheses constitute our job recommender
system acceptance model, which is illustrated by
Figure 1.
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4. Research method
For validating the research model, a quantitative,
survey-based study has been conducted, which we will
introduce in the following.

the price value variable, as the system is free of charge.
The remaining variables were measured using the
items provided by [10]. Trust was captured using a
scale provided by [42] (see Table 2).
Table 2. Measurement items

4.1. Study design
The study is designed to evaluate the acceptance of
jobspotting.com. This platform is free of charge. Job
seekers can use it by providing access to different data
sources (e.g. profiles on LinkedIn) and receive
recommendations for job opportunities. Therefore, we
designed an online study and invited job seekers and
people interested in career-related issues to participate
in the study. We established a panel of this population
for studies in the recruiting text, which we have used
for several studies already. We raffled several prices to
motivate job seekers to participate in the study. In total
487 individuals participated in our study. We used
several quality criteria provided by our survey tool
SoSci Survey to evaluate the quality of the responses.
We followed the suggestion by SoSci survey to
exclude some participants from our analysis, which
contain too many missing values. Hence, we used the
responses provided by 440 participants to validate our
model. The demographic characteristics are illustrated
by Table 1. The majority are students who look for
their first job such that an analysis of the influence of
age as suggested by UTAUT 2 [10] is not sufficient
with this data set.
Table 1. Demographics (N=440)

(7-point Likert scale from strongly agree to strongly disagree)
Construct
Performance
expectancy
(PE)

Effort
expectancy
(EE)

Social
influence
(SI)

Facilitating
conditions
(FC)

Hedonic
motivation
(HM)
Habit (HA)

Characteristic
Gender

Age
(mean=24.2years)

Job seeking status
Job recommender
system experiences

Attribute
Male
Female
< 20
20‒24
25‒29
30‒34
> 34
Active
Passive
Indifferent
Yes
No

35.7%
64.3%
6.6 %
52.3%
33.6%
4.3 %
3.2 %
15.5%
36.1%
48.4%
51.1%
48.9%

4.2. Measurement items
Within the survey, we introduced the system by
showing a short video clip to the survey participants
and we ensured that everybody has read the
introduction and watched the video as we disabled the
“continue” button for a while. Afterwards, we ask
whether participants intend to use this job
recommender systems and how they evaluate it using
our job recommender acceptance model. We excluded

Trust (TR)

Behavioral
intention
(BI)

Age
Gender
Experience

Job seeking
role

Item
I find jobspotting.com useful for me.
Using jobspotting.com helps me to find
a new job more quickly.
Using jobspotting.com would improve
my job search productivity.
Learning how to use jobspotting.com is
easy for me.
My interaction with jobspotting.com is
clear and understandable.
I find mobile jobspotting.com easy to
use.
It is easy for me to become skillful at
using jobspotting.com.
People who are important to me think
that I should use jobspotting.com.
People who influence my behavior
think that I should use jobspotting.com.
People whose opinions that I value
prefer that I use jobspotting.com.
I have the resources necessary to use
jobspotting.com.
I have the knowledge necessary to use
jobspotting.com.
Jobspotting.com.is compatible with
other technologies I use.
Using jobspotting.com is fun.
Using jobspotting.com is enjoyable.
Using jobspotting.com is very
entertaining.
The use of online recruiting services has
become a habit for me.
I must use online recruiting services
when I look for a job.
Using online recruiting services has
become natural to me
Jobspotting.com is deceptive.
I am suspicious of jobspotting.com’s
intent, action, or outputs.
Jobspotting.com has integrity.
Jobspotting.com is dependable.
I can trust jobspotting.com.
I intend to continue using
jobspotting.com in the future.
I will always try to jobspotting.com
when searching for a job.
I plan to continue to use
jobspotting.com frequently.
How old are you?
Please indicate your gender:
(male | female)
Do you have experiences in using a job
recommender system:
(yes | no)
How would you describe yourself:
(active job seeker | passive job seeker |
indifferent)

Loading
0.901
0.890
0.848
0.867
0.882
0.903
0.909
0.948
0.968
0.949
0.804
0.837
0.863
0.903
0.919
0.763
0.848
0.726
0.911
0.849
0.701
0.770
0.818
0.786
0.944
0.930
0.928
Single
item
Single
item
Single
item
Single
item
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5. Research results
We transferred the proposed job recommender
system acceptance model into a structural equation
model [43] and used the partial least squares (PLS)
method calculated using SmartPLS 3.2.1 software [44].
5.1. Measurement model
Our model contains first-order reflective constructs,
so that content validity, indicator validity, construct
reliability and discriminant validity have to be assessed
to validate the measurement model [45]. Using selfreported data might induce a common method bias
(CMB) into survey-based research [46]. In order to test
whether our results are affected by CMB, we used
Harman’s single factor test, examined the correlation
matrix and used an CMB factor in the PLS modelUsing these test we do not observe signs of CMB
influence.
5.1.1. Content validity. As discussed above, the items
used have proven to be robust in prior research
approaches and are thus suitable measurement items.

We simply adapted the items to fit our context where
necessary, based on a discussion with job seekers.
5.1.2. Indicator reliability. It indicates the ratio of the
variance of an indicator that comes from the latent
variables. Therefore, each value has to be above 0.707
[47]. This reliability condition is fulfilled for all
indicators. Moreover, each loading has a significance
level of at least 0.001 (see Table 2). We tested this
using a bootstrap method with 500 samples.
5.1.3. Construct reliability. Quality at the construct
level is indicated by composite reliability (CR) and
average variance extracted (AVE) [48], whereby CR
has to be at least 0.7 and AVE has to be higher than 0.5
(see Table 3). We meet both criteria in our study.
5.1.4. Discriminant validity. For assessing this
criterion [49], the square root of AVE should be
greater than the corresponding construct correlations
[48, 50]. The values included on the diagonal of latent
variable correlation (see Table 3) confirm that the
measurement model is valid. Moreover, the heterotraitmonotrait (HTMT) ratio of correlations criterion is
used to assess discriminant validity [51].
.

Table 3. Measurement model validation
(Square root of AVE on the diagonal)

Behavioral intention (BI)
Performance expectancy (PE)
Effort expectancy (EE)
Social influence (SI)
Facilitating conditions (FC)
Hedonic motivation (HM)
Habit (HA)
Trust (TR)

CR

AVE

BI

PE

EE

SI

FC

HM

HA

TR

0.954
0.911
0.939
0.969
0.873
0.898
0.870
0.890

0.873
0.774
0.793
0.912
0.697
0.748
0.693
0.618

0.934
0.690
0.407
0.358
0.378
0.466
0.683
0.581

0.880
0.472
0.373
0.397
0.419
0.595
0.545

0.890
0.143
0.708
0.341
0.288
0.347

0.955
0.175
0.271
0.386
0.331

0.835
0.308
0.302
0.290

0.865
0.385
0.403

0.832
0.502

0.786

Table 4. Between groups analysis (moderation analysis)
(*** p<0.001, ** p<0.01, * p<0.05, ns p>0.05
Independent
variable
Performance
expectancy
Effort
expectancy
Social
influence
Facilitating
conditions
Hedonic
motivation
Habit
Trust

Dependent variable: Behavioral intention
(f2)
No experience
Experience
Men
Women
Active job seeker
Passive job seeker
***
***
***
***
**
0.387
0.246
0.208
0.361
0.214
0.221**
(0.237)
(0.07)
(0.062)
(0.171)
(0.052)
(0.05)
0.021ns
0.033ns
0.189***
-0.058ns
0.076ns
-0.03ns
(0.001)
(0.001)
(0.049)
(0.004)
(0.006)
(0.001)
0.082ns
-0.064ns
0.053ns
-0.004ns
0.117ns
0.037ns
(0.019)
(0.007)
(0.007)
(0.001)
(0.033)
(0.003)
0.012ns
0.022ns
-0.042ns
0.092ns
0.061ns
0.125ns
(0.00)
(0.001)
(0.003)
(0.01)
(0.004)
(0.016)
0.008ns
0.201***
0.113***
0.110***
-0.03ns
0.008ns
(0.00)
(0.069)
(0.029)
(0.024)
(0.002)
(0.00)
0.325***
0.339***
0.433***
0.300***
0.483**
0.364***
(0.202)
(0.153)
(0.327)
(0.134)
(0.321)
(0.191)
***
***
*
***
ns
0.214
0.171
0.111
0.188
0.109
0.25***
(0.096)
(0.04)
(0.024)
(0.056)
(0.023)
(0.081)
H9: supported
H10: supported
H11: supported
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Using the absolute HTMT0.85 criterion indicates
that discriminant validity is not an issue in our research
(highest value is 0.708 for effort expectancy and
facilitating conditions).
5.2. Structural model
In order to evaluate the structural model, we use the
coefficient of determination (R²) and level of
significance of each path coefficient [43]. Table 5
indicates that 63.2% of the intention to use job
recommender systems can be explained by the seven
independent variables tested. Regarding the hypotheses
modeled by the research model, we can conclude that
we are able to detect a significant influence of
performance expectancy, hedonic motivation, habit,
and trust on the intention to use job recommender
systems. However, we have to reject the hypotheses
regarding the influence of effort expectancy, social
influence, and facilitating conditions (see Table 5).
Regarding effect size (f2) we can observe that habit,
performance expectancy, and trust are the three most
important determinants for the intention to use.
Table 5. Structural model validation
(*** p<0.001, ns p>0.1)
H#

IV

DV: BI

Comment

f2

H1
H2
H3
H4
H5
H6
H7

PE
EE
SI
FC
HM
HA
TR

0.312***
0.036ns
0.013ns
0.041ns
0.108***
0.345***
0.166***

Supported
Not supported
Not supported
Not supported
Supported
Supported
Supported

0.127
0.002
0.000
0.002
0.023
0.183
0.047

R2
(BI)

0.632

The three moderation hypotheses were evaluated
using between group analysis [52, 53]. Therefore, we
split the dataset into separate files containing either
men or women, active or passive job seeker, or
participants with or without experience in using job
recommender systems. The results are illustrated by
Table 4. Regarding our hypotheses the different effects
of trust (TR) need to be analyzed. Our results confirm
the three moderation hypotheses as the effect of trust
on the intention to use job recommender systems is
stronger for women, passive job seekers and those job
seekers with no experience in using job recommender
systems and these effects are significantly different (ttest, p<0.01). Hence, our hypotheses can be supported.

6. Discussion and implications
Our research was motivated to analyze the
influence of trust compared to other variables

predicting the intention to use job recommender
systems. We observe that performance expectance,
hedonic motivations, habit, and trust are important
predictors of the intention to use job recommender
systems. Hence, job seekers who evaluate the
performance of job recommender systems positively,
who enjoy using it, who trust it, and who have a habit
to use online recruiting services in general have a high
intention to use job recommender systems. Moreover,
for the influence of trust we can conclude from our
analysis that trust is among the three most important
determinants of the intention to use job recommender
systems The influence of trust is especially important
for women, passive job seekers and job seekers without
job recommender system use experience. We will
discuss the implications of these results to the literature
in the following.
First, given the review provided in section 2 on job
recommender systems we provide an empirical study
that evaluates the acceptance of job recommender
systems by job seekers. The majority of prior work as
summarized by section 2 focuses on the design of
algorithms [3, 54]. We contribute to this stream of
research by starting a new discussion about job
seekers’ intention to use job recommender systems as
only those job recommender systems will be successful
which are used by job seekers [55]. Our first study of a
job recommender system acceptance highlights that
performance expectancy, hedonic motivation, and trust
are important beliefs about job recommender systems
and that especially those job seekers who have a habit
of using online recruiting services are intended to use
job recommender systems. Providers of these platforms
might consider these results to enable a positive user
experience in terms of usefulness and fun and to
highlight the trustworthiness of the provider. If job
seekers consider these three variables positive, they
intend to use the job recommender system. Figure 1
summarizes our proposed and evaluated job
recommender system acceptance model, which is the
underlying theoretical model for further studies
investigating job seekers’ acceptance of job
recommender systems.
Second, regarding the research dealing with trust
and recommender systems in general we followed the
call for an investigation of gender, experience, and
context [28] and theorized the moderating influence of
these three factors on the relationship between trust
and the intention to use. Our results confirm these
moderation effects such that we contribute to this
stream of research by highlighting that trust is
especially important for women, for users with less
experiences in using the technology, and for users in a
specific context (here: passive job search). General
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trust and recommender system research have provided
some first indications for these effects [29, 39, 41] and
we are able to confirm them in the job recommender
system context. Figure 1 illustrates the general effect of
trust on intention to use which is known from prior
research and highlights our contribution in terms of the
moderating variables.
Third, we also contribute the general UTAUT2
model [10]. It focuses especially on consumer
acceptance and provides variables that are especially
important in a consumer technology context.
Nonetheless, as highlighted by general discussions on
automation technology trust is an important factor for
technologies that automate consumer tasks as
searching for a job, which is not considered by
UTAUT2. Therefore, we theorize the influence of trust
on the intention to use and we are able to confirm these
effects by our empirical study. However, we are not the
first study who extend UTAUT or UTAUT2 by trust
[e.g. 56], but we extend these prior research endeavors
by theorizing and providing empirical evidence for the
moderating influence of gender, experiences and
context. Therefore, we provide an updated UTAUT2
model contextualized for the job recommender system
context that is extended by trust and the moderating
influences. Figure 1 illustrates the resulting model and
highlights especially the new effects provided by our
research.
Nonetheless, our approach and contributions are
limited by some facts. First, we only consider
behavioral intention as independent variable. To
further extend the model, a focus on actual use is
required as well. Second, we only conducted one study
focusing on one job recommender system and
conducted a one point in time study in one particular
culture setting. The results might be different for
different job recommender systems and in different
cultural contexts. Furthermore, as our study
participants are rather younger, an analysis of age was
not sufficient. Third, we focused on those moderators
that were related to the UTAUT model or especially
highlighted by general recommender system research.
Additional factors such as user personality might also
moderate the relationships tested which we have not
controlled for.
Given these limitations and considering the
discussed implications future research can use our
approach to further extend our understanding of trust
and the acceptance of job recommender systems. First,
future research should replicate our study for different
job recommender systems to confirm that the identified
effect for jobspotting.com are consistent when focusing
on different systems and user groups. Second, as the
importance of trust has been highlighted future
research studies can focus on the antecedents of trust

and the trust building process to investigate under
which conditions job seekers trust a job recommender
system. This type of research might identify specific
design characteristics that foster job seekers to trust job
recommender systems. Third, given the focus on the
early adoption phases future research can test the
applicability of the model in later use phases to reveal
whether these different phases also influence the
importance of trust for explaining behavioral intention.
Given the fact that more experienced users require
lower level of trust to intend using a job
recommendation system we assume that with an
increasing experience in using the particular job
recommender system the importance of trust decreases.
Hence, our approach is the base for further studies in
the job recommender system area that focus on user
acceptance of these systems to inform the three
identified research streams about designing these
systems by accounting for the factors being important
for the user of these systems.

Figure 1. Job recommender system acceptance model
(new relationships compared to UTAUT2 are shown as
darker lines)
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